Motivation: DNA structure plays an important role in a variety of biological processes. Di erent di-and trinucleotide scales have been proposed to capture various aspects of DNA structure including base stacking energy, propeller twist angle, protein deformability, bendability, and position preference. Yet, a general framework for the computational analysis and prediction of DNA structure is still lacking. Such a framework should in particular address the following issues: (1) construction of sequences with extremal properties; (2) quantitative evaluation of sequences with respect to a given genomic background; (3) automatic extraction of extremal sequences and pro les from genomic data bases; (4) distribution and asymptotic behavior as the length N of the sequences increases; and (5) complete analysis of correlations between scales. Results: We develop a general framework for sequence analysis based on additive scales, structural or other, that addresses all these issues. We show how to construct extremal sequences and calibrate scores for automatic genomic and data base extraction. We show that distributions rapidly converge to normality as N increases.
Introduction
Evidence is mounting that DNA structural properties beyond the double helical pattern play an important role in a number of fundamental biological processes, both under healthy and pathological conditions. This is not too surprising if one realizes that meters of DNA must be compacted into a nucleus that is only a few microns in diameter while, at the same time, preserving the ability of turning thousands of genes on and o in a precisely orchestrated fashion. The three-dimensional structure of DNA, as well as its organization into chromatin bers, seems to be essential to its functions and has been implicated in diverse phenomena ranging from protein binding sites, to gene regulation, to triplet repeat expansion diseases. The goal of this work is to develop computational methods for the structural analysis of DNA sequences. While DNA structure is our primary motivation and area of application, the framework we develop is completely general and applies to sequences over any alphabet, including codon, RNA, and protein alphabets, whenever local additive scales, as de ned below, are available.
1.1 DNA Structure DNA structure has been found to depend on the exact sequence of nucleotides, an e ect that seems to be caused largely by interactions between neighboring base pairs (Ornstein et al., 1978; Satchwell et al., 1986; Breslauer et al., 1986; Calladine et al., 1988; Goodsell & Dickerson, 1994; Sinden, 1994; Brukner et al., 1995; Hassan & Calladine, 1996; Hunter, 1996; Ponomarenko et al., 1999; Fye & Benham, 1999) . This means that different sequences can have di erent intrinsic structures, or di erent propensities for forming particular structures. Periodic repetitions of bent DNA in phase with the helical pitch, for instance, will cause DNA to assume a macroscopically curved structure. Flexible or intrinsically curved DNA is energetically more favorable to wrap around histones than rigid and unbent DNA, and this has been shown to in uence nucleosome positioning (Drew & Travers, 1985; Satchwell et al., 1986; Simpson, 1991; Lu et al., 1994; Wol e & Drew, 1995; Baldi et al., 1996; Zhu & Thiele, 1996; Liu & Stein, 1997) . In addition, the chromatin complex structure of DNA and the positioning of nucleosomes along the genome have been found to play an important (generally inhibitory) role in regulation of gene transcription (Pazin & Kadonaga, 1997; Tsukiyama & Wu, 1997; Werner & Burley, 1997; Pedersen et al., 1998) . Sequencedependent DNA structure is often important for DNA binding proteins, such as TBP (TATA-binding-protein) (Parvin et al., 1995; Starr et al., 1995; Grove et al., 1996) and gene regulation (Sheridan et al., 1998) . While the number of resolved structures of DNA-protein complexes continues to grow in the PDB data base, the eld of computational DNA structural analysis is clearly far behind its protein cousin and completely lacks any degree of systemicity. Most likely, most DNA structural signals remain to be uncovered.
DNA Structural Scales
Based on many di erent empirical measurements or theoretical approaches, several models have been constructed that relate the nucleotide sequence to DNA exibility and curvature (Ornstein et al., 1978; Satchwell et al., 1986; Goodsell & Dickerson, 1994; Sinden, 1994; Brukner et al., 1995; Hassan & Calladine, 1996; Hunter, 1996; Baldi et al., 1998; Ponomarenko et al., 1999) . These models are typically in the form of dinucleotide or trinucleotide scales that assign a particular value to each di-or tri-nucleotide and its reverse complement. A non-exhaustive list of such scales includes:
1. The dinucleotide base stacking energy (BS) scale (Ornstein et al., 1978) expressed in kilocalories per mole. The scale is derived from approximate quantum mechanical calculations on crystal structures.
2. The dinucleotide propeller twist angle (PT) scale (Hassan & Calladine, 1996) measured in degrees. This scale is based on X-ray crystallography of DNA oligomers. Dinucleotides with a large negative propellertwist angle tend to be more rigid than dinucleotides with low negative propeller-twist angle.
3. The dinucleotide protein deformability (PD) scale (Olson et al., 1998) derived from empirical energy functions extracted from the uctuations and correlations of structural parameters in DNA-protein crystal complexes. Dinucleotides with large PD values tend to be more exible.
4. The trinucleotide bendability (B) model (Brukner et al., 1995) based on Dnase I cutting frequencies. The enzyme Dnase I preferably binds (to the minor grove) and cuts DNA that is bent, or bendable, towards the major groove (Lahm & Suck, 1991; Suck, 1994) . Thus Dnase I cutting frequencies on naked DNA can be interpreted as a quantitative measure of major groove compressibility or anisotropic bendability. These frequencies allow for the derivation of bendability parameters for the 32 complementary trinucleotide pairs. Large B values correspond to exibility.
The trinucleotide position preference (PP) scale
derived from experimental investigations of the positioning of DNA in nucleosomes. It has been found that certain trinucleotides have strong preference for being positioned in phase with the helical repeat. Depending on the exact rotational position, such triplets will have minor grooves facing either towards or away from the nucleosome core (Satchwell et al., 1986) . Based on the premise that exible sequences can occupy any rotational position on nucleosomal DNA, these preference values can be used as a triplet scale that measures DNA exibility. Hence, in this model, all triplets with close to zero preference are assumed to be exible, while triplets with preference for facing either in or out are taken to be more rigid and have larger PP values. Note that we do not use this scale as a measure of how well di erent triplets form nucleosomal DNA. Instead, the absolute value, or unsigned nucleosome positioning preference, is used here, as in , as a measure of DNA exibility. For completeness, all these scales are displayed in the Appendix.
In previous studies, we found these models useful (Baldi et al., 1996; Pedersen et al., 1998; Baldi et al., 1999) , in particular for the detection of putative new structural signatures associated with an increase of bendability in downsteam regions of RNA polymerase II promoters. A similar approach (Liao et al., 2000) was used to analyze the structure of insertion sites for P transposable elements in Drosophila melanogaster and suggest that the corresponding transposition mechanism recognizes a structural signature rather than a speci c sequence motif.
With the exception of BS, all the models were determined by purely experimental observations of sequencestructure correlations. Additional scales capturing DNA properties related directly or indirectly to structure, such as enthalpy, or melting temperature, have also been proposed (Breslauer et al., 1986; Ponomarenko et al., 1999) . The primary focus of this work is not on assessing the merits and pitfalls of each model, but rather on the development of general methods for the systematic application of any scale to any sequence of any length, up to entire genomes, under the assumption that the scale can be used additively within a sliding window. In general, this assumption will provide a reasonable approximation, at least up to a certain length to be determined experimentally. In particular, we are interested in the development of methods for the automatic recognition of structural motifs associated with extremal features, such as extreme sti ness or bendability. Calibration of corresponding thresholds is expected to be useful in data base searches and is conceptually similar, for instance, to the calibration of thresholds for detecting sequence homology. More generally, however, data base searches may also be conducted on the basis of structural signatures or pro les that need not be extremal and could be obtained from reasonable training sets. Certain protein binding sites, for instance, are highly degenerate at the DNA sequence level, with low sequence homology, while exhibiting at the same time a high degree of DNA structural similarity. Similarly, periodic exible triplets in phase with the double helical pitch are necessary to ensure long range curvature, for instance in nucleosome regions.
Although several scales may agree on some structural features, the fact remains that they may also display divergent interpretations of some sequence elements. While no nal consensus regarding these models exists, it is likely that each one provides a slightly di erent and partially complementary view of DNA structure. Thus a second goal of this work is the comparison of the models in the limited sense of estimating the statistical correlation between di erent scales. In it was shown that by and large many of the commonly used scales exhibit low correlations measured at the level of single di-or tri-nucleotides. Empirical measurement of correlations between the scales over longer lengths in Escherichia coli have recently revealed di erent unexplained patterns (Pedersen et al., 2000) . Here we provide a complete explanation of this phenomena and show how correlations vary with background distribution and with window length. Finally, while the methods introduced can be applied to any DNA sequence, we focus here on a particularly important class of DNA sequences, namely DNA tandem repeats, where the general framework is further specialized.
DNA repeats
Genomes, especially eukaryotic genomes, are replete with DNA repetitive regions (Jurka et al., 1992; Jeffreys, 1997; Jurka, 1998) . Well over 30% of the human genome has been estimated to comprise repetitive DNA of some sort (Benson & Waterman, 1994 ) the exact function of which is often unknown. Such DNA arises through many di erent evolutionary and genetic mechanisms. Over 950 di erent classes (Jurka, 1998) of repeats have been censed. Two major groups of repeats exist: interspersed repeats, and tandem repeats. While the methods to be developed can be applied to both groups, our analysis will focus on tandem repeats, consisting of two or more contiguous copies of a particular pattern of nucleotides. Tandem repeats may cover up to 10% of the human genome.
Tandem repeats vary widely, over several orders of magnitude, both in terms of the length of the repeating pattern and the number of more or less exact contiguous copies. Repeats are often polymorphic and therefore play a major role in linkage studies and DNA ngerprinting. In many cases, the genetic origin, the structure, and the function of these repetitive regions is poorly understood. There exist a few examples, however, where the repeats are known to play a biological role in both healthy and pathological conditions. Certain tandem repeats, for instance, have been associated with protein binding sites or interactions with transcription factors. An important advance in epigenetics research has been the realization that interactions between repeated DNA sequences can trigger the formation and the transmission of inactive genetic states and DNA modi cations (Wol e & Matzke, 1999) . In several of these cases, the particular DNA-helical structural features of the repeat sequences seem to play an essential role.
Interest in tandem repeats has been heightened over the last few years by the discovery that several important degenerative disorders including Huntington disease, Myotonic Distrophy, Fragile X Syndrome, and several forms of Ataxia, result from the abnormal expansion of particular DNA triplets (The Huntington's Disease Collaborative Research Group, 1993; Ashley & Warren, 1995; Ross, 1995; Gusella & MacDonald, 1996; Hardy & Gwinn-Hardy, 1998; Rubinsztein & Hayden, 1998; Baldi et al., 1999) . The exact mechanism by which a triplet repeat mutation causes disease varies as indicated by the fact that currently known repeat expansions are found both in 5' UTRs, in 3' UTRs, in introns, and within coding sequences of various a ected genes (Ashley & Warren, 1995; Gusella & MacDonald, 1996; Rubinsztein & Amos, 1998; Rubinsztein & Hayden, 1998) . For instance, fragile X mental retardation is associated with an expanded CGG repeat in the 5' UTR of the FMR1 gene (Nelson, 1995; Eichler & Nelson, 1998) . The 64 possible triplets can be clustered into 12 equivalence classes when shift and reverse complement operations are considered (see below). Currently only three repeat classes CAG, CGG, and GAA, out of the possible twelve, are associated with triplet repeat disorders.
There is evidence that unusual structural features of the repeats play a role in their expansion (Wells, 1996; Pearson & Sinden, 1998a; Pearson & Sinden, 1998b; Moore et al., 1999) . In (Baldi et al., 1999) , the structural scales above were used to show that the triplet classes involved in the diseases have extreme structural characteristics of very high or very low exibility. Methods to quantify the degree of extremality relative to other sequences, however, were not developed. Furthermore, other triplet or non-triplet repeats may play a role in diseases as well as other biological processes. Therefore the techniques need to be improved and extended to all classes of repeats.
Hence, given the importance of repeating patterns and the exponential growth of sequence data bases, our goal is also to develop new tools for the computational analysis of the structural properties of arbitrary repeats and begin to apply such techniques in a systematic and quanti able way. Various algorithms for searching tandem repeats (Milosavljevic & Jurka, 1993; Benson & Waterman, 1994; Benson, 1999; Blanchard et al., 2000) have been developed. The techniques presented here can also be viewed as complementing such algorithms by introducing a structural perspective.
Organization
The remainder of the paper is organized as follows. In the next section we develop a general framework for the analysis of the score of a sequence (repetitive or not) under any additive scale. We determine the number of di erent sequence equivalence classes under circular permutation and reverse complement operations. We show how to determine and visualize maximal and minimal patterns and study the statistical properties of the scales, including intra scale (mean and variance) and interscale (correlations) statistics for sequences of various lengths, as well as asymptotic normality. This framework is essential in order to compare the behavior of various scales, to locate a given sequence with respect to a comparable population, and to automatically set thresholds in data base searches. We then apply the general framework to the 5 structural models described above and various tandem repeats.
Methods and Theory

General Framework
The general framework we consider begins with an alphabet A of size A and a scale S of length (or size) S. The scale is a function that assigns a value to any S-tuple of the alphabet, for instance in the form of a table with A S entries. In the result section, we deal exclusively with the nucleotide DNA alphabet (A = 4) and with DNA scales, such as di-nucleotide with S = 2 (e.g. propeller twist) or tri-nucleotide with S = 3 (e.g. bendability) structural scales. The same framework, however, can readily be applied to other situations (e.g. amino acid alphabet with hydrophobicity scales). Given a primary sequence s = X 1 X 2 : : : X N of length N S over A, we assume that the scale S is approximately additive in the sense that the corresponding global property of the sequence s can be estimated by \sliding" the scale along the sequence in the form S(s) = S(X 1 : : : X S ) + S(X 2 : : : X S+1 ) + : : :
S(X i : : : X i+S?1 )
(1)
In practical applications, such quantity can also be averaged over a window of length W to get, for instance, a more homogeneous per base-pair value (W N). This averaging process does not concern us at this stage since it merely amounts to using a di erent scale, with a larger size. The form given in Equation 1 corresponds to a free boundary condition. The ideas to be developed can be applied to other boundary conditions, including periodic boundary conditions, where the sequence is wrapped around, as described below. With the proper modi cations, the theory applies immediately to the case where the scales are shifted by more than one position at each step.
Consider now a repeat sequence r consisting of a unit pattern or period p = (X 1 : : : X P ) of length P, and repetition number R > 1, so that r = (X 1 : : : X P ) R with N = PR S. Notice that the period is not uniquely determined since, for instance, XXXX can be viewed as (X) 4 , or as (XX) 2 . In addition, we will assume that P + S ? 1 N, or equivalently that S (R ? 1)P + 1 so that the scale S is applied starting at least once from each letter in the repetitive unit, without exceeding the repetitive sequence boundary. In this case, S(r) has the form:
where S(p) is the contribution of the periodic unit S(p) = S(X 1 : : : X S ) + S(X 2 : : : X S+1 ) + : : : + S(X P X 1 : : : X S?1 ) 
where indices can be taken modulo P, i.e. X lP+1 = X 1 and so forth. The sum in Equation 5 has at most P ? 1 terms. In practice, at least in the case of DNA, only short scales are currently available and therefore in most cases, S P + 1. In this case, Equation 2 simpli es to:
Equivalence Classes
In the special case of repetitive sequences, we also need to be able to count the number of di erent repeats with respect to a given scale. It is often the case that the scale S is characterized by some kind of invariance with respect to the sequences of length S of A. In the case of DNA, the structural scales we have are invariant with respect to the reverse complement. When looking at repeat sequences, this determines how many di erent repeat patterns of length P need to be considered.
A triplet repeat, for instance, can be described in terms of di erent unit trinucleotides depending on what strand and triplet frame is chosen. Thus, the repeat CAGCAGCAG : : : can be said to be a repeat of the triplet CAG, and also of its reverse complement CTG. Ignoring repeat boundaries, however, the sequence can also be described as a repeat of the shifted triplet pairs AGC/GCT and GCA/TGC. In this way, the 64 di erent trinucleotides can be divided into 12 possible repeat classes. Of these 12 classes, only 10 are proper triplet repeat classes in the sense that they do not result from a repeat pattern of shorter length. The two classes associated with shorter patterns are obviously the triplet pairs AAA/TTT and CCC/GGG which are more precisely described as mono-nucleotide repeats. For a generic alphabet A, a reverse complement operation can be de ned by introducing a one to one function X ! X from the alphabet to itself, satisfying X = X so that the reverse complement of X 1 : : : X N is de ned to be X N ; : : : ; X 1 .]
In the case of a DNA repeat with unit repeat length P, the number of classes and the number of elements in each equivalence class is dictated by the action of the group of transformations associated with the circular permutations and the reverse complement operations on the set of all possible strings of length P. AAA: : :/TTT: : : and CCC: : :/GGG: : : always give rise to two separate classes with 2 elements each. In general, a typical class will contain 2P elements associated with the P permutations and the P reverse complements. Classes containing less elements, however, can arise for instance as a result of sub-periodicity e ects when P is not prime, and of identical reverse complement e ects. For instance, when P = 4, the class of ATAT contains only 2 elements since it is identical to its reverse complement and can be shifted circularly only once before returning to the original pattern. The number of classes can be counted using standard group theory arguments detailed in the Appendix. These arguments are not restricted to circular permutation and reverse complement operations, but apply to any group of transformations over any sequences. The number of classes, when only circular permutations without reverse complement are taken into account, is given by
where (P; k) is the greatest common divider (gcd) of P and k. (n) is the Euler function counting the number of integers less than n which are prime to n, i.e. without common dividers with n. If p 1 ; : : : ; p k is the list of distinct prime factors of n, then the Euler function can be expressed as:
When both circular permutations and reverse complement are taken into account, the number of classes for odd P is given by
When P is even, the corresponding number of classes is 1 2P 
In particular, when P is a prime, the number of di erent classes under periodic and reverse complement equivalence is
The number of classes which are new at a given length P, i.e. that do not result from the repetition of a shorter pattern of length dividing P, can easily be obtained by subtracting the corresponding counts for each divisor of P. When P is prime, all classes are new except for the classes resulting from mono-letter repeats. These can easily be found by standard dynamic programming techniques which can also be extended to nding, for instance, the k longest or shortest paths. A repeat pattern of length P is a directed cycle in the pre x automata graph. Notice that any path of length greater than A S?1 must intersect itself at least once. Thus any cycle of length strictly greater than A S?1 must be composed of non-intersecting cycles of length at most A S?1 .
For instance, with a dinucleotide scale, any repeat unit of length greater than 4 must contain at least two cycles of length at most 4. Therefore in the study of repeats, we need only to study the properties of all non-intersecting directed cycles of length up to A S?1 together with all possible ways of joining them. In addition to dynamic programming techniques, it is also useful to tabulate the weights of all possible short cycles for at least two reasons. First, because longer patterns are built from shorter cycles. Second, at least in the case of DNA, many important existing repeats, such as triplet repeats, are based on a short repeating pattern.
While the pre x graph is useful for constructing extremal sequences and recognizing them as long as A, S and N are small, it is also necessary to develop more general techniques by which we can rapidly assess, for any sequence s, the magnitude of S(s) with respect to all the other comparable sequences. This is best achieved by viewing the sequences in a probabilistic context.
Probabilistic Modeling
Consider now that sequences are being generated by a random process. In order to x the ideas, we take for simplicity a Markov model of order 0, i.e. we assume that sequences are generated by N tosses of the same die with distribution D = (p X ) over the alphabet A.
The same analysis, however, can easily be extended to other probabilistic models such as higher-order Markov models where distributions are de ned, for instance, on pairs or triplets of letters.
From Equation (24) when P = 2n. Periodic boundary conditions must be used in the computation of the covariances C k whenever necessary (jkj > P ? S).
For a periodic sequence r, where the period P as well as S are small relative to the length N = RP we can use: E(S(r)) RE(S(p)) (25) and the approximation Var(S(r)) RVar(S(p)) (26) For long repetitive sequences with period P < S, we can use the same approach with a larger period P 0 , multiple of P, so that S P 0 .
2.4.1 Central Limit Theorem S(s) consists of a sum of identical but non-independent random variables. Therefore standard central limit theorems for sums of independent random variables cannot be applied. Yet, because the dependencies are local, a sum Z = Y 1 + : : : + Y K of K m-dependent random variables Y i still approaches a normal distribution. This can be shown using the theorem in (Baldi & Rinott, 1989 ) which provides also a bound on the rate of convergence. Here we use the improved bound found in (Rinott & Dembo, 1996) . We let max i jY i ? E(Y i )j = B, and E( 2 ?3=2 . The rate of this bound is known to be essentially optimal (similar to the BerryEsseen theorems (Feller, 1971) 
A repeat r with period unit length P and repetition R (N = RP) can be compared to a background population of repeats, or a background population of generic sequences. In the latter case, we have S(r) S(p)R or S(r) 0 N. Therefore the Z-score
grows with p N and is larger than the Z-score Z(p) computed on the repeat unit. In other words, if a repeat unit displays extremal features when compared to other repeat units of the same length, its expansion will appear even more extreme compared to the background of all sequences of similar length.
The Z scores can be used to assess how extreme a sequence is and to search databases for subsequences with extremal features. As in the case of alignments, this can also be done using extreme value distributions (Durbin et al., 1998) . Note also that one can search a data base using a structural pro le rather than extreme values. The degree of similarity between two pro les can be measured, for instance, using the standard mean square error.
Correlations Between Scales
It is useful to have some information regarding the degree of correlation between two scales and how such correlation behaves at all sequence lengths. Consider then two scales S 1 and S 2 of length S 1 and S 2 . Without any loss of generality assume that S 1 S 2 . For sequences s of length N, we are interested in measuring the correlation between the random variables S 1 (s) = Y 1 + : : : + Y N?S1+1 , with Y i = S 1 (X i : : : X i+S1?1 ), and S 2 (s) = Z 1 + : : : + Z N?S2+1 , with Z i = S 2 (X i : : : X i+S2?1 ). We have: We have seen in Equations 20 that the variance of each scale is also asymptotically linear in the length N. Thus, as N increases, the correlation Cor(S 1 (s); S 2 (s)) rapidly converges to a constant given by:
In checking calculations on DNA scales (or other alphabets) that are invariant under the reverse complement operation, it is worth noticing that with a uniform distribution on the alphabet (p A = p C = p G = p T = 0:25), the correlations are symmetric.
That is, for any 0 < k < S 1 we have C k (S 1 ; S 2 ) = C ?k (S 1 ; S 2 ). This results immediately from the fact that the sum of the terms S 2 (X 1 : : : X S2 ) S 1 (X 1 : : : X S1 ) and S 2 ( X S2 : : : X 1 ) S 1 ( X S2 : : : X S2?S1+1 ) is equal to the sum of the terms S 2 (X 1 : : : X S2 ) S 1 (X S2?S1+1 : : : X S2 ) and S 2 ( X S2 : : : X 1 ) S 1 ( X S1 : : : X 1 ), and similarly for other degrees of overlaps. The terms in the sums can be identically paired using the fact that S 1 and S 2 are assumed to be reverse-complement invariant. The result is not true if the scales, or the distribution, are not reverse-complement invariant.
Results
DNA Repeat Equivalence Classes
We wrote a program that cycles through all possible DNA sequences of length P counting and listing all the classes that are equivalent under circular permutation and reverse complement operations. Because of this equivalence, in the case of scales that are reversecomplement invariant, it is su cient to study the repeats of one representative member of each class. We ran the program up to length P = 12. The results are in complete agreement with Equations 9-12. In Tables 2, 3 , and 4 we list alphabetically all the members of each equivalence class for sequences of length 2, 3, and 4. When P = 4, for instance, one nds 39 classes: 26 classes with 8 elements, 8 classes with 4 elements, and 4 classes with 2 elements. Only 33 classes are new, in the sense that 6 classes are derived from patterns already encountered at P = 1 and P = 2. Likewise, when P > 2 is a prime number, the total number of classes is given by:
with two classes of size 2 associated with poly-A and poly-C, while all the remaining classes are new and contain 2P members. propeller twist value is CCC followed by CCG.
In the Appendix, we provide tables in alphabetical order that allow to invert Tables 3 and 4, i.e. to nd the class associated with any given P-tuple (P = 3; 4).
Analysis of DNA Repeats by Dinucleotide Scales
In the case of dinucleotide scales, the pre x automata contains 4 nodes (Figure 1 ). Each DNA sequence is associated with a path through the corresponding graph, and exact repeats are associated with cycles. All paths, including cycles, of length greater than 4 are composite in the sense that they contain a cycle of length 4 or less.
In proper dinucleotide repeat class AG (-27.48 and 6.6). In table 6, we list the dinucleotide scale values for the 12 equivalence classes associated with all possible triplet repeats of the form (XYZ) R . In this special case, we nd the results of (Baldi et al., 1999) . The high and low ends of the base stacking energy scale are occupied by the triplet classes AAT (-15.76) and CCG (-32.54) respectively. We nd again a high degree of correlation between the propeller twist and protein deformability scales. If we exclude the classes AAA/TTT (-55.98) and CCC/GGG (-24.33), which are not proper triplet repeat classes, then the maximum and the minimum of the propeller twist spectrum are respectively occupied by the classes CCG (-29.22 ) and AAG (-46.14) . A similar ranking with the same extremal triplets is observed with the protein deformability scale: CCG (22.2) occupies the high end, whereas AAA (8.7) and AAG (9.5) occupy the low end of the spectrum.
When considering all three dinucleotide scales, three minima and two maxima are occupied by two of the three repeat classes known to be involved in triplet repeat expansion diseases, namely AAG and CCG. GAA triplet (in the AAG class) expansion is associated with Friedreich's ataxia (Orr et al., 1993; Campuzano et al., 1996; Junck & Fink, 1996; Paulson et al., 1997; Koenig, 1998; Lee, 1998; Orr & Zoghbi, 1998; Paulson, 1998; Pulst, 1998; Stevanin et al., 1998) . Abnormal GCC triplet (in the CCG class) expansion is associated with FRAXE mental retardation and abnormal expansion of the CGG triplet with Fragile X syndrome (FRAXA) (Nelson, 1995; Gusella & MacDonald, 1996; Eichler & Nelson, 1998; Skinner et al., 1998; Gecz & Mulley, 1999) . The third triplet expansion disease related class, AGC, has average rank in all dinucleotide scales.
In table 7, we list the scale values for the 39 equivalence classes associated with all possible tetranucleotide repeats of the form (X 1 X 2 X 3 X 4 ) R . The maximum of the base stacking scale is occupied by the dinucleotide repeat ATAT (-20.78 ) and the proper tetranucleotide repeat AAAT (-21.13). The minimum corresponds to CGCG (-48.56) followed by ACGC (-41.36) . We again observe a substantial positive correlation between the 
4).
All repeat units of length greater than 4 are made up of shorter cyclic paths in the pre x automata and therefore their properties can essentially be predicted from the previous three tables. For all lengths, for instance, the highest level of base stacking energy is achieved by the class ATATATAT... when P is even, and by the class AATATATAT... when P is odd. The lowest level by the class CGCGCG... when P is even, and CCGCGCG... when P is odd. For protein deformability, the maximal level is achieved by the class CGCGCG... when P is even, and by CCGCGCG... when P is odd. The lowest level is associated with poly-A (i.e. (A) P ). Poly-C and poly-A give also the absolute highest and lowest propeller twist angles at all lengths.
Analysis of DNA Repeats by Trinucleotide Scales
In the case of trinucleotide scales, the pre x automata contains 16 nodes (Figure 2 ), each one labeled with a different dinucleotide. All paths, including cycles, of length greater than 16 are composite, i.e. contain at least one cycle of length 16 or less. The trinucleotide scale values for all repeats with periodic unit length P = 2 are given in Table 8 . The highest level of bendability is achieved by AT (0.364) and the lowest by AA (-0.548) and CG (-0.154). The highest The trinucleotide scale values for all repeats with periodic unit length P = 3 are given in Table 9 (see also (Baldi et al., 1999) ). The highest level of bendability is achieved by the class AGC (0.268) and the lowest by AAA (-0.822) and ACC(-0.238). In fact only two classes of repeats (AGC and ATC) have positive bendability and are well separated from the rest. The highest level of position preference is achieved by the class AAA (108) followed by CCG (72), and the lowest by AGG and ACC (21). The class AGC, which contains the CAG repeat responsible for the majority of the known triplet repeat expansion diseases, has the highest bendability. It is the only repeat class for which all three shifted triplets have a high individual bendability. Moreover, this class has relatively low position preference value, another sign of exibility. Therefore one can hypothesize that long CAG repeats correspond to stretches of DNA that are highly exible in all positions. Consistently with their high exibility, CAG/CTG repeats have been found to have the highest a nity for histones among all possible triplet repeats (Wang & Gri th, 1994; Wang & Gri th, 1995; Godde & Wol e, 1996) . Other DNA sequences can adopt long range curvature only if they contain highly exible triplets in phase with the helical pitch (roughly every 10.5 bp). The exibility of extended CAG repeats has been veri ed experimentally (Chastain & Sinden, 1998 ). The CCG class, which contains the diseaserelated triplets CGG and GCC, is found at the high (rigid) end of the position preference scale (72), exceeded only by poly-A. This class is also sti according to the bendability scale (-0.106) . This is consistent with the fact that CGG/CCG repeats seem completely unable to form nucleosomes (Wang et al., 1996; Godde et al., 1996) . The AAG class, which contains the disease related triplet GAA, occupies the lower ( exible) end of the position preference scale (27). It is the second lowest considering that the last two classes have the same value (21). We also note that AAA/TTT is by large the sti est of all possible repeats according to both scales. Such homopolymeric tracts are known from X-ray crystallography to be rigid and straight (Nelson et al., 1987) and they are bad candidates for nucleosome positioning. In fact, a number of promoters in yeast contain homopolymeric dA:dT elements. Studies in two di erent yeast species have shown that the homopolymeric elements destabilize nucleosomes and thereby facilitate the access of transcription factors bound nearby (Iyer & Struhl, 1995; Zhu & Thiele, 1996) . Interestingly, the sequence of the IT15 gene involved in Huntington Disease has a repeat containing 18 adenine nucleotides at its 3' end.
Whereas the class CCG is extremely rigid according to the trinucleotide scales, it is extremely exible according to the dinucleotide scales. Similarly, the predicted exibility of the AAG class according to the position preference scale is in contradiction with the results obtained using all other di-or trinucleotide scales. Such discrepancies can result from imperfections of the scales, or from the fact that each scale captures a di erent facet of DNA structure. Dinucleotides and tri-nucleotides scales are in good agreement for CAG repeats and homopolymeric poly-A tracts. The trinucleotide scale values for all repeats with periodic unit length P = 4 are given in Table 10. The highest level of bendability is achieved by the class ATAT (0.728), which is rather a dinucleotide repeat, followed by the proper tetranucleotide repeat ATGC (0.420). On the opposite end of the scale, we nd AAAA (-1.096) and AAAC (-0.470) . For the position preference scale, AAAA (144), AATT (100), CGCG (100), AAAT(99) are on the higher end, AAAT being the rst proper tetranucleotide repeat, while ACGG (23)occupies the lower end of the spectrum. In order to nd the most extreme repeats for a given scale at a given repeat unit length, one would have to explore scale values for repeat units up to length P = 16 (see Section 2.3). Because of particular values of the scale, in some cases the results tabulated above for val-ues of P up to 4 only are su cient. For instance, the most bendable repeat with P = 2n is always ATATAT..., while the least bendable is poly-A. Similarly, the highest value of the position preference scale is always occupied by poly-A. Extremal results can also be derived by dynamic programming. In many cases, however, a sequence of interest may have a very high or low score according to a given scale, without being the most extreme. The probabilistic theory provides the means to quantify directly how extreme any given sequence is with respect to a given family or background.
Probabilistic Analysis of DNA Scales
For simplicity, we rst assume a uniform distribution p A = p C = p G = p T . In speci c applications, other distributions can be used, such as the background distribution of a given genome or a given class of DNA sequences. We can then use Equations 21-24 to calculate the expectation and variance of S(p) across all possible repeat unit patterns p and all scales S. In particular, E(S(p)) = S P and Var(S(p)) = S P.
In Table 11 we list the relevant coe cients for the dinucleotide scales. In Table 12 we list the relevant coe cients for the trinucleotide scales. To double-check the mathematical formula, all the constants above were also obtained independently by exhaustive sampling.
Convergence to Normality
Using sampling methods we also studied the convergence of S(s) and S(p) to a normal distribution as the length N or P of the sequences is increased, as predicted by our central limit theorem. In practice, the convergence rate is very fast. As an example, an histogram of bendability values for repeat units of length 5, 10, and 15 is given in Figure 3 . Similar results are observed with plain sequences. 
Examples of Z-Scores for Disease Triplets
We have seen that the triplets involved in expansion diseases often tend to have extremal structural properties.
This was assessed by computing the scores S(p). We can now also compute Z-scores using Equations 29 and 30, as in Table 13 . When repeat length is taken into consideration, disease causing repeats appear to be even more extreme because of the p N factor in Equation 30. For example, a CGG repeat of length N = 3; 000 (R = 1; 000) observed in FRAXA patients is more than 48 standard deviations away from the mean propeller twist value of random uniform sequences of the same length.
Correlations Between Scales at Short Lengths
We can use Equations 31-35 to study the correlations between the scales at short lengths and asymptotically. Clearly we can also consider AT-content as a scale. It can be viewed, for instance, as a mononucleotide scale with value 1 for A and T, and 0 for C and G. This scale is trivially reverse-complement invariant and perfectly additive. We include it to see whether it correlates strongly with any of the structural scales, especially asymptotically. Correlations at a given position are given in Table 14 . Consistently with ) and the results above, the correlations between the structural scales are very low with the exception of PT and PD (0.668). BS and PT have also non-trivial opposite correlations with respect to . Here correlations between a dinucleotide scale S 1 and a trinucleotide scale S 2 are computed using sums of the form P X1X2X3 S 1 (X 1 X 2 )S 2 (X 1 X 2 X 3 ). Because the third nucleotide does not appear in the dinucleotide scale, in correlations between dinucleotide and trinucleotide scales were also computed using, for the dinucleotide scale, the sum S 1 (X 1 X 2 ) + S 1 (X 2 X 3 ).
When considering neighboring dinucleotides, the correlation between BS and PT, for instance, increases its magnitude from -0.294 to -0.550. This e ect must be caused by correlations that are present in runs of overlapping dinucleotides, but not in the single dinucleotides. Such a phenomenon may arise if the physical reality behind both scales is that the structure actually depends on more than a dinucleotide step, and this is very likely to be the case.
Correlations Between Scales: Asymptotic Values
If the same correlations are computed by shu ing the 4.6 Mbp of the Escherichia coli genome randomly over a length of 31bp, one obtains the numbers given in Table  15 (Pedersen et al., 2000) . The correlation between BS and PT is even higher (-0.744) and so is the correlation of AT-content with BS and PT (0.899 and -0.882). Incidentally, when measured on the actual Escherichia coli genome the correlations are even higher. For instance, the correlation between BS and PT becomes -0.825. These results are easily explained by the theory developed here. The asymptotic correlation between the scales computed using Equation 35 are displayed in Table 16 . Because the Escherichia coli genome has a nucleotide distribution close to uniform, the results are indeed remarkably similar to Table 15 , and would be identical up to sampling uctuations if in Table 16 we had used the precise distribution for E. coli (A=0.2462, C=0.2542, G=0.2537, T=0.2459), instead of a uniform distribution. It is essential to notice that the asymptotic values do not require very long sequences but are approximately correct already at a length scale of 15-20 base pairs or so (Figure 4) . Asymptotically, and with a uniform distribution, all the dinucleotide scales have strong positive or negative correlations with each other and with ATcontent. Notice that this is not the case for the trinucleotide scales. It is also not necessarily the case if the correlations are measured with respect to other nucleotide distributions. (Prabhu, 1993; Bell & Forsdyke, 1999) . This is not necessarily the case with, for instance, relatively short stretches of DNA, synthetic DNA, or with bacterial DNA that contains a strong composition skew associated with independently replicated regions.
Analysis of a Set of Expandable Repeats in Primate Genomes
Because triplets involved in disease expansions seem to have extremal properties which may be related to the expansion mechanism, it is worth testing whether this is a fairly general feature of units associated with tandem repeats. Here we consider the large set of repeat unit classes derived in (Jurka & Pethiyagoda, 1995) corresponding to frequently encountered tandem repeats of multiple lengths (i.e. that are polymorphic) in primate genomes. The data contains 501 unique classes of repeat units ranging in length from P = 1 to P = 6, classi ed into three categories: expandable, weakly expandable, and non-expandable. These categories were derived from simple statistical criteria calculated over a subset of the GenBank data base. The rst category, in particular, contains 67 classes of patterns that were found to occur in tandem repeats of total length N 12 with R 3 in at least two di erent length sizes. The second category includes 71 pattern classes that are found to occur in tandem repeats over 12 nucleotides long in only one length size. The last category contains 363 pattern classes that were found not to expand beyond 12 nucleotides. For each pattern class, simple indicators are provided, such as average length of repeats, relative abundance of class, and expandability.
In Figure 6 we display the Z-scores for the all the repeat units in the rst category, as a function of repeat unit length (P ), computed with respect to repeat units of the same length using Equation 29. The distributions of repeat classes with respect to each structural scale are approximately symmetric and normal at all lengths, showing no clear-cut bias towards extremal values of any scale. When taking into account the relative abundance of the classes, as quanti ed in (Jurka & Pethiyagoda, 1995) by using the number of nucleotides occurring in corresponding repetitive sequences, we nevertheless observe that the most abundant class, (poly-A, 33%), corresponds to the sti est repeat at all lengths, for all scales except BS (Figure 7) . It is reasonable to assume that the structural properties of poly-A are related to its abundance. The next most frequent repeats, however, (AC=17.94%, AG= 5.38%, and AAAT=3.39%) do not show a clear pattern of extremal values in the ve scales considered. Likewise, we do not nd any obvious correlation between scale values and relative abundance or expandability indicators provided in (Jurka & Pethiyagoda, 1995) . ). Dots represent a set of 67 expandable repeat classes. The number of classes at each length 1-6 is as follows: 2, 4, 9, 18, 18, and 16. Circles represent the most extreme repeat classes, when considering the full population of repeat patterns at a given length. Note that at each length P , only proper Ptuple repeats are represented in the set found in (Jurka & Pethiyagoda, 1995) , excluding repeats with shorter periodicity. For instance poly-A is only represented once as a single letter repeat. It is worth noticing that most extreme positions are actually occupied at almost all length by mono-, di-, or tri-nucleotide repeats. The set of expandable repeats therefore actually covers the full range of each scale when taking into account patterns made up of shorter repeated units. Only 5 circles out of 64 remain unmatched by an expandable repeat class.
Discussion
A general framework for sequence analysis in the presence of one or more additive scales has been developed. The framework solves a number of open issues including: (1) construction of sequences with extremal properties; (2) quantitative evaluation of sequences with respect to a given genomic background; (3) automatic extraction of extremal sequences and pro les from genomic data bases; (4) rapid convergence to normal distributions when N increases; and (5) complete analysis of correlations between scales and their rapid convergence towards a xed asymptotic value. The framework has been applied to DNA sequences and structural scales.
The fundamental requirement for the application of the framework is the additivity of the scale. This is likely to be a reasonable approximation for many scales, (Jurka & Pethiyagoda, 1995) as a function of repeat unit length. The individual contribution of repeat classes totaling more than 1% relative abundance are shown.
at least over relatively short distances. The precise nature of such distances, however is an open important question that ultimately will have to be addressed experimentally. The structural scales used here should be regarded only as a rst order approximation. The twist angle between bases, for instance, is likely to depend on more than just the two neighboring bases (Dickerson, 1992) . A better estimate could be derived using the tetranucleotide consisting of the two bases before and after the twist angle. Unfortunately, the structure of all possible 256 tetranucleotides is not known and represents a considerable experimental challenge. But the methods we have developed are independent of any particular scale, approximation, or oligonucleotide length. They are readily applicable to new scales, tetranucleotide and other, as well as to completely di erent scales de ned over other alphabets (codons, RNA, proteins, etc.) . Furthermore, the methods are also applicable in conjunction with computationally-derived scales that are parameterized and tted to the data using neural network representations and other statistical machine learning techniques.
The theory presented resolves the issue of correlation between scales. For each pair of scales there is not a single correlation number because correlation depends both on background distribution and window length. Given a xed background distribution, the correlations rapidly converge to a xed asymptotic value that can be predicted mathematically. This value is attained here over a characteristic window length of about 10-15 bp, the same over which normality is achieved, and corresponding to a few times the size of the longest of the two scales being compared. This is the range over which local statistical uctuations are stabilized, but it does not correspond necessarily to the range over which the scales are additive.
With a uniform background distribution, for instance, the correlation between propeller twist and base stacking varies monotonically from -0.294 to -0.757, as window size is increased from 2 to 10 or so. Thus the increase in window length signi cantly changes the measured correlation from slightly negative to substantially negative. An even more striking example is provided by the correlation between base stacking and protein deformability, which varies from 0.043 to -0.843, under the same conditions.
Empirical determination of the proper window length for additivity and for measuring correlations may not be easy. It must be noted, however, that these large variations are observed only with the theoretically-derived base stacking energy scale (as well as the AT-content scale). In general, all other empirically-derived scales exhibit pairwise correlations that do not vary dramatically with window length and are relatively small ( Figure  4 ), except for propeller twist and protein deformability. Thus for the empirically-derived scales the local behavior and the aggregate behavior over 10-15 bp is quite similar in terms of correlations, so that the precise selection of a window length may not be a serious obstacle in this case.
Propeller twist and protein deformability are highly, but not perfectly, correlated, over both very short and intermediate distances. These scales were derived by crystallography of naked DNA and DNA in complex with protein respectively. This suggests that DNA structures observed in protein-DNA complexes may to some extent be determined at the DNA-sequence level. Or at least that the structure of DNA in the complex has to be consistent with the inherent structural features of the naked DNA.
In general, when substantial positive or negative correlation between two scales is observed, two di erent sets of conclusions can be drawn. First, from a practical standpoint, it may be simpler and faster in data base searches to use only one of the two scales, since the results provided by the second one are redundant. Second, high correlation between two completely di erent experimental approaches attempting to quantify the connection between DNA sequence and structure can be taken as a sign that the approaches are measuring the same underlying reality. Thus correlation analysis, in addition to which scale to use in practice, may tell us something about their interpretation and validity.
It may at rst seem strange that correlations depend also on background distribution, since structure is a deterministic function of DNA sequence. In this sense, a uniform distribution may be the least biased. On the other hand, if correlations are measured over a large number of sequences extracted from genomic data, it is clear that the sequence composition in uences the correlation. Similarly, if the scales are used to pullout signals against a genomic background, it is important to take the statistical composition into consideration. In this respect, it is worth noting that large scale genomic DNA is characterized by strand invariant compositions (p A = p T and p C = p G ) where correlations between empirically-derived scales tend to be smaller in absolute value. The framework, however, applies as well to compositions that are not strand invariant.
We have modeled the background distribution using single nucleotide probabilities but it should be clear that the same framework can accommodate more complex probabilistic models, such as Markov models of order k. In fact, it is interesting to note that with a higher order Markov model, some of the correlations between the scales measured in E. coli would be slightly higher. It is fair to suspect, however, that the structural models currently available are somewhat noisy and therefore only marginal gains are to be expected at best from the use of more re ned probabilistic models.
Taken together, all these results indicate that with the exception of propeller twist and protein deformability, the empirical scales we have used are by and large uncorrelated. DNA 3D structure is a complex phenomenon that cannot be captured locally by a single number, but rather corresponds to a vector of properties. It is therefore likely that the scales we have used represent di erent attempts at capturing various aspects of DNA structure from di erent perspectives. This view is consistent with the simultaneous presence of predominantly low and occasionally high correlations between pairs of scales. In particular, this provides a possible partial explanation for the di erences in interpretation the scales provide for some of the three extremal triplet classes involved in triplet repeat expansion diseases.
The CAG-class of repeats is consistently found to be exible according to all the models used here and in agreement with experimental evidence (Chastain & Sinden, 1998 ). This class is special among triplet repeats, being responsible for a large fraction of the currently known triplet repeat diseases (10 of the 13 mentioned in (Baldi et al., 1999) ). Furthermore, in a model study in E. coli, the CAG triplet repeat was found to be the predominant genetic expansion product. In this study, the CAG-class was expanded at least nine times more frequently than any other triplet (Ohshima et al., 1996) . This is also the case in the primate data of (Jurka & Pethiyagoda, 1995) , as shown in Figure 7 .
The CGG-class of repeats, on the other hand, seems to be very rigid, except for the propeller twist (and thus protein deformability) scale. Better structural models may be needed to shed light on such a discrepancy. However, it is important to remember that the models used in this work are based on mutually di erent and also rather indirect investigations of DNA structure. Any single scale is likely to capture correctly only some structural features of some sequence elements. For instance, the enzyme DNase I used to produce the bendability scale preferentially binds and cuts sites where DNA is bent or bendable away from the minor groove. This means that a high DNase I value can be caused by either a very exible piece of DNA (isotropically exible, or anisotropically exible in the right direction), or alternatively by a piece of DNA that is sti but curved with a compressed major groove.
The framework derived can be used to study how extreme tandem repeats and other sequences are. In several cases, we nd that commonly encountered repeat units have extremal structural properties. This is the case for the most common repeat poly-A or poly-T but also for the repeats involved in triplet repeat expansion diseases. It is essential to notice that these extremal properties pertain to the repeat unit class, e.g. the triplet and its shifted versions, rather than the repeat unit alone. A triplet that is not extremal for a given scale, may become extremal once its two shifted versions are considered. For example, AGC has relatively low bendability when taken alone, but corresponds to the most bendable class when GCA and CAG are taken into account. When the large repetition numbers associated with repeat diseases are also taken into consideration, the extremality of the corresponding DNA sequences with respect to the general background are even more striking. Incidentally, the triplet repeat class is under-represented amongst primate DNA repeat expansions ( Figure 7) suggesting that special expansion mechanisms may be at work for P = 1 and P = 3, at least in a fraction of the cases.
How the expansion of disease causing triplets occurs, as well as several related puzzling questions such as why expansion frequency depends on repeat length, remain poorly understood although it is widely assumed that unusual structural characteristics of the repeats may play a role. Several models have been proposed involving base-slippage and alternative DNA structures during DNA replication, recombination, and repair (Wells, 1996; Pearson & Sinden, 1998a; Pearson & Sinden, 1998b; Moore et al., 1999) . Growing evidence indicates that the formation of hairpins in Okazaki fragments (during replication of the lagging strand) is probably involved in the expansion process (Chen et al., 1995; Gacy et al., 1995; Wells, 1996; Mariappan et al., 1998; Miret et al., 1998; Pearson & Sinden, 1998b) . But many questions remain open to interpretation.
Our analysis of a large set of tandem repeats from primate genomes reveals that many repeat units do not have salient structural extreme properties according to the models used here. The results suggest that tandem repeats are likely to belong to di erent classes and result from a variety of di erent mechanisms not all of which involve extremal structural pro les. This is not to say that structural signatures, rather than extreme patterns, may not be involved in other cases as suggested, for instance, in (Liao et al., 2000) . Further evidence for such a possibility is provided by the fact that among the most frequently expanded repeat classes with 3 < P < 7, substrings of mono repeats (particularly poly-A which is sti ) seem to be present almost always (Figure 7) .
Although some of the equations derived are for exact repeats, it should be clear that the framework applies immediately to situations where the repeat is not perfect, either because of small variations in the sequence or because the repetition number R contains a fractional component. Cases are described in the literature (Orr et al., 1993) , for instance, where the G of a few isolated CAG triplets within a long CAG repeat region are replaced by a T. Of interest, the CAT triplet belongs to the second highest bendability class, and therefore the exibility properties of such stretches are likely to be preserved. More generally, the scales could perhaps form the basis of new alignment penalties in cases where structure, rather than sequence, is preserved.
The methods developed here can be applied more systematically to other repeats including telomeric repeats, non-triplet disease-causing repeats, as well as to database searches for new putative disease-causing repeat classes (Kleiderlein et al., 1998; Baldi et al., 1999) . For instance, a repeated twelve-mer upstream of the EPM1 gene displays intergenerational instability and has been associated with myoclonus epilepsy (Lalioti et al., 1997; Lalioti et al., 1998) . A similarly unstable, AT-rich, 42 bp-repeat is involved in the fragile site FRA10B (Hewett et al., 1998) . In addition, a particular form of Muscular Distropy (FSHD) seems to be caused by DNA contraction, rather than expansion. In FSHD, the repeat units are surprisingly long (3.3 Kb), and located at the tip of the long arm of chromosome IV. The units are repeated 30 to 40 times in normal individuals, and reduced down to 8 repeats in a ected individuals (van Deutekom et al., 1993; Winokur et al., 1994; Hewitt et al., 1994) . Statistical analysis of long repeats units may bene t even more from the techniques developed here.
Finally, these techniques can be applied to repeats associated with interspersed elements as well, and, more broadly, to the analysis of structural signals, across entire genomes (Pedersen et al., 2000) , or associated with speci c regions such as regulatory regions, protein bind-ing sites, SARs (sca old attachment regions), or polytene bands in Drosophila. The methods are also being applied to phylogenetic questions and to whether DNA structure may have had any in uence on the origin of the genetic code. While all these problems would bene t from improved structural models, the methods are now in place to work in conjunction with any new scale that may become available in the near future with progress in DNA experimental techniques.
Appendix: Dinucleotide and Trinucleotide Scales
The 3 dinucleotide scales (Table 17 ) and 2 trinucleotide scales (Table 18 ) used in the text. -3.82 -11.85 6.3 Appendix: Enumeration of Equivalence Classes
Polya's enumeration theory solves a number of combinatorial questions related to the action of groups on sets.
The relevant set here is the set B of all words of length P over the alphabet A with A P elements. The group G of interest is a subgroup of the group of all permutations of B. If we consider circular permutations on one strand only, it is the circular group with P elements, generated by the single right shift operator . If we consider also the reverse complement, then the group G is easily described as the set of all permutations of the form k l , 
where B g = fx 2 Bjg(x) = xg is the set of all the elements of B that are xed by g. We thus need to study B k and B k . A case by case inspection easily shows that:
If (k; P) = 1, then jB k j = A since only sequences of one repeated letter are stable.
If kjP, then jB k j = A k . If (k; P) = l, then jB k j = A l . When G is the group of cyclic permutations, jGj = P.
Putting these results together gives the right hand side of Equation 7, which is equivalent to the left hand side after some algebra.
When we take into account the reverse complement, This yields immediately the formula in Equations 9 and 10. If needed, it is also straightforward to count the number of elements inside each type of equivalence class.
Appendix: Repeat Classes for N = 3 and N = 4
Repeat classes for each trinucleotide (Table 19 ) and each tetranucleotide (Table 20) . Classes are numbered in alphabetical order. The rst alphabetical member of each class is in bold. 
